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In Brief Stomata facilitate plant gas exchange with the atmosphere. Adrian et al. profile the developing stomatal lineage, revealing increasing canalization of gene expression as cells become committed to specific fates and linking cell types previously thought to be independent. The data serve as a resource for further investigation of lineage specification in plants.
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INTRODUCTION
Multicellular organisms are comprised of diverse cell types that exhibit unique transcriptional profiles appropriate to their identity and function. The development of these cell types from a common precursor requires a profound set of changes in gene expression. Recent studies following the programming and reprogramming of embryonic stem cells or induced pluripotent cells have revealed a complex, yet fairly ordered set of changes (Xie et al., 2013; Young, 2011) . Similar dynamic transcriptional profiles in intact developing organisms, however, have been more challenging to obtain. Profiles of individual cell types from intact plants have revolutionized the way cell fates and responses can be understood, but these profiles largely feature terminally differentiated cell types (e.g., Birnbaum et al., 2003; Deal and Henikoff, 2010; Yang et al., 2008) . Computational approaches have been used to infer the developmental states of specific cells (Brady et al., 2007 ), but we lack profiles isolated directly from true intermediate cell types along a developmental trajectory.
The production and pattern of stomata in the Arabidopsis epidermis have received considerable recent attention as a model for cell fate determination, cell-cell communication, and cell polarity and provide a clear and accessible model for adult stem cell lineages (Pillitteri and Torii, 2012) . The stomatal lineage can be parsed into discrete intermediate steps, and cells representing those intermediate steps can be identified by gene expression markers, making this an ideal system from which to generate transcriptional profiles tracing the intermediate identities and fate transitions during development. The stomatal lineage begins with asynchronous and indeterminate early divisions and lacks a strict prepattern, allowing for flexible development. Flexibility is key because the stomatal lineage generates the majority of cells in the leaf epidermis and has the potential to modify both numbers and cell types in response to environmental cues (Hetherington and Woodward, 2003) .
Beyond its utility as a developmental model, the lineage produces, as its ultimate products, stomatal guard cells (GCs) , that act as valves facilitating plant/atmosphere gas exchange. Because they are essential for plant physiology and are present on all large land plants, stomata have been the subject of studies ranging from probes of single molecules to global scale ecophysiology. As a consequence of the wide-scale interest in stomatal properties, mature GC transcriptomes, proteomes, and metabolomes have been generated and stomatal activities modeled (Misra et al., 2014; Yang et al., 2008; Zhao et al., 2008) . Because of increasing interest and progress elucidating the integration of environmental cues (such as light and carbon dioxide) with endogenous circuits to control stomatal production and activity (e.g., Casson and Hetherington, 2014 et al., 2014), transcriptional profiles of developing GCs or their precursors would be invaluable community resources. Profiles of mutant seedlings enriched in precursor and mature stomatal lineage types have been useful to identify new stomatal regulators (Bergmann et al., 2004; Pillitteri et al., 2011) , but these experiments profile heterogeneous (and mutant) tissues in plants that are physiologically impaired by lack of stomata. To generate a comprehensive view of WT development, we turned to fluorescence-activated cell sorting (FACS) of stomatal lineage cells derived from intact, developing plants, and generated cell-type-specific RNA expression profiles. Using both RNA sequencing (RNA-Seq) to obtain the most complete inventory of gene expression possible and ATH1 microarray profiling to enable comparisons between the transcriptomes of the stomatal lineage and other individual cell types, we resolved gene expression profiles during critical developmental events. We found that expression profiles of early stomatal lineage stages are distinct and more variable than those from committed or differentiating cells. Some of this behavior may be attributable to pluripotency of early lineage cells, as we uncovered evidence for shared expression and function of stomatal and trichome regulators. We have also validated expression of genes identified as differentially expressed (DE) in this developmental series and show mutant phenotypes related to the stages in which they are expressed. Because stomata are physiologically important and because stomatal lineage cells exhibit exemplary division, cell fate, and cell signaling behaviors, this dataset serves as a valuable resource for further investigations of fundamental processes in plants and in developing systems.
RESULTS
Identification and Isolation of Specific Stomatal Lineage Stages
Capturing cell-type-specific transcriptome changes during the development of dispersed self-renewing populations in leaves is a technical challenge because the stomatal lineage cell types are rare and transient ( Figure 1A ). The lineage is initiated when pluripotent meristemoid mother cells (MMCs) divide asymmetrically, creating meristemoids as their smaller daughters. Meristemoids typically continue dividing asymmetrically two to three times, retaining meristemoid identity in the smaller daughter, before differentiating into oval-shaped guard mother cells (GMCs) . Becoming a GMC marks a commitment to make GCs, which proceeds via symmetric division of GMC and subsequent coordinated morphological and gene expression changes in the daughters to form the functional stomatal unit. The larger daughters of MMC or meristemoid divisions may differentiate into pavement cells or, through secondary asymmetric divisions, create new meristemoids and MMCs (Pillitteri and Torii, 2012) .
To isolate homogeneous cell populations corresponding to cells in these discrete intermediate stages along the stomatal development trajectory, we needed to identify tools capable of isolating cells within a short developmental window. We found that this developmental constraint precluded the use of INTACT or TRAP methods (Figures S1A and S1B), most likely because their efficacy is linked to the highly stable proteins used to isolate RNA (Deal and Henikoff, 2010; Mustroph et al., 2009) . FACS, alternatively, could be used with fluorescent markers fused to proteins with degradation signals such that they were only present in discrete stages. Cells representing specific developmental stages isolated by FACS after a short protoplasting step included stomatal entry (stage 1, SPCHp::SPCH-YFP, SSY), commitment (stage 2, MUTEp::nucGFP, MG), and differentiation (stage 3, FAMAp::GFP-FAMA, FGF) stages, as well as mature stomata (stage 4, enhancer trap E1728::GFP, E1728G) and a marker of the entire aerial epidermis (ML1p::YFP-RCI2A, ML1Y). The cell-type-specific expression patterns of the five marker lines used have been extensively characterized previously (Davies and Bergmann, 2014; Gardner et al., 2009; MacAlister et al., 2007; Matos et al., 2014; Ohashi-Ito and Bergmann, 2006; Pillitteri et al., 2007; Robinson et al., 2011; Roeder et al., 2010) . SPCHp::SPCH-YFP is expressed most brightly just prior to and after asymmetric divisions of MMCs, thus marking a potentially mixed population of precursors; a time course of this expression is provided in Figures S1D and S1E. To minimize transcriptional differences due to plant age or circadian rhythms, all cell types were sorted from same-aged aerial rosettes and commenced at the same time of day. The cell-type specificity FAMAp::GFP-FAMA, differentiation, violet; and E1728::GFP, maturation, purple . Confocal images show cell-type-specific expression of fluorescent markers (green) in second true leaves of 14-day-old seedlings. Cell outlines are in magenta; scale bars represent 10 mm. (B) Scheme of cell isolation protocol. Aerial seedling tissues expressing markers were protoplasted and FACS for RNA extraction. Expression profiles of sorted cells were generated using RNA-Seq and ATH1 microarrays (ATH1). (C and E) Clustering of DE genes identified six dominant expression patterns (clusters I-VI; indices R and A for RNA-Seq and ATH1, respectively). Heat maps show expression of genes assigned to a cluster (clustering coefficient cutoff 0.6). Mean and median expression values are scaled per gene across samples; low expression is in yellow, and high expression is in red. The number of genes/cluster is indicated below the cluster name. (D) Enriched GO process terms for clusters I R , II R , and VI R (from C) summarized using REVIGO (Supek et al., 2011) . Related GO terms are displayed in similar colors; aggregate size indicates significance of overrepresentation of a group of GO terms. (F and G) Expression profiles of known stomatal genes generated from sorted cells profiles by RNA-Seq (F) and ATH1 microarray (G) are highly correlated with published in planta data. Heat maps show unscaled mean and median log2-transformed expression values; low expression is in white, and high expression is in blue. (H-J) Validation of transcriptional map by reporter analysis of two genes not previously assigned to the stomatal lineage: OVATE FAMILY PROTEIN 13 matches peak expression in stage 2 in both RNA-Seq and ATH1 profiles and POLAR-LIKE (not on ATH1) matches RNA-Seq expression. In (H), the y axis represents log2-transformed expression values; in (I) and (J), YFP signal is depicted in green and cell walls in magenta; scale bars represent 10 mm.
of reporter expression pattern at this common time point was confirmed via confocal microscopy ( Figure 1A) .
We coupled the isolation of RNA from cell types at specific developmental stages with two independent means of assessing gene expression: microarrays and next generation sequencing. The ATH1 arrays have been extensively used by the Arabidopsis community for single-cell type studies and thus are useful for cross-tissue comparisons. RNA-Seq provides increased coverage and sensitivity, and thus, we employed this strategy to gather the most comprehensive analysis of transcriptional activity possible. We present the RNA-Seq data first, followed by the ATH1 data to facilitate the narrative transitions from analysis within a lineage to analysis between lineages.
Libraries suitable for RNA-Seq were generated using RNA extracted from FACS-isolated protoplasts (20,000 cells per replicate except for the stomatal entry marker line at 4,000-5,000 cells per replicate; Figure S2 ); 22-41 million reads (50 bp) per sample replicate were generated and aligned to 33,602 genes of the Arabidopsis TAIR10.18 genome assembly via Bowtie2 and normalized using DESeq2 ( Figure S3A ; Table S1 ) (Anders and Huber, 2010; Langmead and Salzberg, 2012) . RNA integrity and measures of library quality were equivalently high among samples, but we noticed that the stage 1 (SSY) replicates were more divergent than replicates from the later stages. We therefore sequenced an additional SSY replicate and resequenced libraries from the two original SSY samples in a common lane ( Figure S3C ). To validate all cell-type profiles, we surveyed previously known regulators of early and late stomatal development and found that their expression matched previously published expression patterns and functions ( Figures 1F and S4 ).
DE Genes and Dominant Expression Patterns within the Stomatal Lineage
Transcript abundance at each intermediate developmental stage is useful, but a more powerful use of the resource is to characterize cohorts of genes and biological processes that define cell states and state transitions in development. As genes defining or changing cell identity may show dynamic expression during lineage progression, we first identified the subset of genes whose expression changed during development and then identified dominant expression patterns within this filtered subset by fuzzy k-means clustering; 11,956 genes were defined as being DE in at least one pairwise comparison using DESeq2 ( Figure S3A ; Table S1 ). Because the three stage 1 (SSY) samples were transcriptionally distinct ( Figure S3C ), we considered how best to represent the diverse nature of stomatal entry cells. We ran parallel analyses using either three samples or the SSY replicate that clusters closest to the other stomatal cell types in a principal component analysis ( Figure S3D ). We found results were largely similar using a single SSY replicate or all three (Figures S3F and S3G) , so to capture the features of the stomatal entry population most broadly, all subsequent analyses (and numbers mentioned below) were carried out using the three SSY replicates. To look at overall expression trends among this cohort of potential cell fate regulators, we used an unbiased fuzzy k-means clustering approach. With a stringent cluster membership probability of 0.6, 3,666 genes could be placed in six dominant expression patterns. Several of these patterns corresponded to single-cell stages, such as stomatal entry or committed cells ( Figure 1C , clusters I R -III R ), whereas others bridged adjacent later stages in the progression of the stomatal lineage ( Figure 1C , cluster V R -VI R ).
We hypothesized that genes assigned to one of these clusters are important for the identity or function of a specific cell type or for transitions between developmental stages. To identify processes associated with those genes and to distinguish one stage from another on a global scale, we looked for enriched gene ontology (GO) terms and promoter sequence motifs within the clustered genes ( Figure 1D ; Table S3 ). Not only did the GO terms associated with each cluster correspond to known activities of the cell types they encompass, but the GO terms and dominant expression patterns also reflect a developmental continuum. Transcript accumulation revealed transitions from an undifferentiated cell type (stage 1, cluster II R ) to cells that are still proliferative but establishing an identity (stage 2, cluster III R ) to cells that are differentiating into mature stomata (stages 3 and 4, cluster VI R ). Genes dominantly expressed in the epidermis (cluster I R ) participated in processes such as biosynthesis and metabolism, while genes enriched in differentiating and mature stomata (cluster VI R ) mediate response to signals and stomatal movement, consistent with known activities of these cell types (Kalve et al., 2014; Kim et al., 2010) . The biological process enrichment of genes expressed in committed stomatal lineage cells (cluster III R ) is interesting because cell cycle, DNA and chromatin modification and methylation terms point out that these still dividing cells might be poised to switch from a pluripotent to committed state. Equally intriguing is the lack of enriched terms at the stomatal entry stage (cluster II R and V R ), possibly due to the uncommitted or pluripotent state of cells in this population.
One surprise was the enrichment of the photosynthesis term in clusters I R (pan-epidermal). This was true using GO term photosynthesis (GO:0015979) or just core light harvesting and carbon fixation genes ( Figure S5A ). Classical studies suggested that within the epidermis only mature GCs have chloroplasts and the associated photosynthetic gene expression. By analyzing reporters of light harvesting complex (LHCB1.1) and carbon fixation (RBCS2B) genes (Kim et al., 2003; Sawchuk et al., 2008) , however, we confirmed their broader epidermal expression (Figure S5B) . Thus, the increased resolution RNA-Seq data provided about transcript abundance have the potential to reveal previously overlooked phenomena.
Comparison of Gene Expression Trends between the Stomatal Lineage and Other Tissues
A major question in developmental biology is to what extent regulatory programs are shared among lineages that must solve similar patterning and fate specification issues, but that ultimately produce different cell types. The stomatal lineage dataset is a clearly linked developmental series, but there are also some available cell profiles derived from young and mature populations of the same cell type (Birnbaum et al., 2003; Brady et al., 2007; He et al., 2012; Yadav et al., 2009 Yadav et al., , 2014 . Most of these profiles were acquired using the ATH1 microarray platform. To be able to compare the stomatal lineage to other individual Arabidopsis cell types, we also performed stage-specific genomewide expression analyses with Affymetrix ATH1 microarrays ( Figures 1A and 1B) . Intensity values for 20,996 genes were RMA normalized, and informative and non-informative (I/NI) calls were made to enhance the identification of DE genes (Figure S3B ; Table S3 ). I/NI filtering excludes both noisy genes and housekeeping genes that tend to be expressed across all conditions (Hochreiter et al., 2006; Talloen et al., 2007) ; 3,114 informative genes were subjected to fuzzy k-means clustering to obtain dominant expression patterns comprised of 1,214 genes at a cluster coefficient cutoff of 0.6. Cluster patterns from the ATH1 dataset were very similar to those derived from RNA-Seq (note clusters I, II, and V in Figures 1C and 1E) . Patterns of gene expression obtained by this method were also validated by comparison to known stomatal regulators ( Figures 1G and S4 ) and by the creation of reporters to previously uncharacterized genes ( Figures 1H and 1I) .
The concurrence in dominant expression patterns between RNA-Seq and ATH1 suggests that both techniques identify major developmental trends, and individual stomatal lineage genes behave similarly in the two experiments ( Figures 1F, 1G , and S4). The composition of genes in each cluster, however, differs between the two datasets. This may not be surprising given differences in sample preparation and the differences in how transcript abundance is measured in RNA-Seq and microarray platforms (counting discrete reads versus intensity scores derived from hybridization), which consequentially require different computational analysis pipelines. Moreover, RNA-Seq captures genes that are not present on the ATH1 array (e.g., POLAR-LIKE, Figure 1H , and CYCLIND7;1, Figure 3E ). A similarly low correlation was also found when comparing RNA-Seq and ATH1-based transcriptomes derived from female gametophytes (Schmid et al., 2012) . We found, in general, that RNA-Seq data captured the patterns of genes expressed at very low levels (e.g., MUTE; Figure S4D ) better than the ATH1 array, but that DE patterns appeared more distinct in the ATH1 array (e.g., FLP, Figures 1F, 1G , and S4D).
As with the RNA-Seq data, ATH1-generated late-stage development profiles (clusters V A -VI A ; Figure 1E ) were generally similar to each other and distinct from early stages and from the epidermis (clusters I A -II A ; Figure 1E ). We tested this trend explicitly and quantitatively by using Spearman's rank correlation coefficients (r s ) as a measure of expression profile correlation in pairwise comparisons. Among stomatal lineage cell types, gene expression is highly correlated (r s = 0.87-0.97) with stomatal entry cells (stage 1) being the most distinct cell type and the differentiated and mature stages (stages 3 and 4) the most highly correlated ( Figure 2A ; Table S4 ). We then compared the stomatal profiles to profiles of single-cell type populations derived from shoots, roots, and callus ( Figure 2B ; Table S4 ) (Brady et al., 2007; He et al., 2012; Yadav et al., 2009 Yadav et al., , 2014 . All expression arrays used in this analysis were reanalyzed in a common computational pipeline to avoid analysis-based biases (see Supplemental Experimental Procedures). These comparisons resulted, not unexpectedly, in lower correlation values (r s = 0.54-0.69), but the overall trend was that the stomatal lineage most closely resembled meristematic and young populations ( Figure 2B ).
Because comparing overall expression correlations between tissues gives only a very broad view of how similar or dissimilar two cell types are, we used additional methods to define relationships among cell types. Reasoning that regulatory networks comprised of paralogous genes might regulate the development of different tissues, we developed a ranking approach to identify process similarities embedded within unique gene behaviors. The ranking approach is independent of absolute gene expression values, circumventing the problem that different ATH1 datasets showed significantly different hybridization values even when analyzed in a common pipeline. Our ranking approach established ''high-priority'' genes for a given cell-type dataset by ranking its gene expression values from high to low and then comparing this cell type to high-low rankings derived from other, similar, cell types. Most housekeeping genes are expressed at comparable levels in each cell, but the 5% tails of the distribution represent genes that are ''higher priority'' in one or the other cell type ( Figure 2C ). To find genes that might be the cell-type specific solution to a general problem, we looked for common processes (shared enriched GO terms) within these 5% extremes. We choose stage 1 as an example of a transient and uncommitted cell type and stage 3 as an example of a terminally differentiating population. Each stage was compared to the ten nonstomatal lineage cell types with which it exhibited the highest r s (from experiments reported in Brady et al., 2007; He et al., 2012; Pillitteri et al., 2011; Yadav et al., 2009) . Figures 2D and  2E show a selection of genes prioritized in entry and differentiating cells of stomatal lineage development (full gene lists in Table S4 ).
Among early and late stomatal priority genes, we found several key stomatal regulators that confirm the efficacy of this approach ( Figures 2D and 2E) . Interestingly, many of the genes not previously associated with stomatal development were members of gene families whose paralogs act in other developmental processes. For example, among stage 1 priority genes, the putative signaling peptide gene ROOT GROWTH FACTOR 9 (RGF9) belongs to a family whose members are required for maintenance of the root stem cell niche (Matsuzaki et al., 2010) . RGF9, despite the name, is expressed in leaves but not in roots (Fernandez et al., 2013) . Priority gene BEL1-LIKE HOMEODOMAIN 2 (BLH2) is a paralogue of BLR, a regulator of meristem identity and architecture (Kumar et al., 2007) . Among stage 3 priority genes, PHOTOTROPIN 2 (PHOT2) and ATP-BINDING CASSETTE B14 (ABCB14) regulate stomatal aperture responses (Briggs and Christie, 2002; Kinoshita et al., 2001) ; interestingly, our analysis also identified ABCB14's homolog ABCB2, whose function has yet to be ascertained. The ranking approach identified genes whose expression was prioritized in a cross-tissue comparison but tended to show modest transcriptional differences within the stomatal lineage (Tables  S1 and S3 ), thereby providing complementary information to that derived from the fuzzy k-means clustering.
Characterization of Stomatal Division Regulators Identified by Expression Pattern
We initiated these studies, in part, to identify regulators of stomatal development not accessible by classical genetic screens because of redundancy or pleiotropy. To test the utility of our datasets for the first of these issues, we analyzed the EARLY NODULIN-LIKE PROTEIN (ENODL) family that encodes 22 glycosylphosphatidylinisitol (GPI)-anchored proteins whose function has not been ascertained (Mashiguchi et al., 2009 ). The ENODLs display intriguing patterns in our datasets; expression of ENODL15 and its two most closely related family members, ENODL13 and ENODL14, peaks in stage 1 ( Figure 3A ). We (legend continued on next page) confirmed this expression with reporters for ENODL14 and ENDOL15 ( Figures 3B and 3C ). Interestingly, a translational ENODL15 reporter associates with the newly formed cell walls ( Figure 3C , inset of meristemoid). Triple mutant plants of genotype enodl13-1;enodl14-1;enodl15-1 exhibit significant defects in stomatal patterning, a typical consequence of defects in division regulation ( Figure 3D ). Association of ENODLs with cell division prompted us to consider cell division regulators more generally. Stages 1-3 in the stomatal lineage are comprised of actively dividing cells (Pillitteri and Torii, 2012) . Whether cells at these stages have characteristic cycling behaviors is not known, but such behaviors could be deduced from DE of regulators associated with S phase or G2/M phase. Analysis of core cell-cycle regulators did not reveal enrichment of particular cell-cycle phases, but individual members from among specific groups, such as the cell-cycle inhibitory KIP-RELATED PROTEIN or SIAMESE-RELATED families, and the division-promoting CYCLIN (CYC) D family, exhibited DE (Table S1 ).
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CYCDs are critical for G1/S phase transitions in most organisms (Kalve et al., 2014) , and CYCD3 isoforms promote divisions in most Arabidopsis tissues (Menges et al., 2006) . The stage-restricted expression patterns of CYCD4;1, CYCD6;1, and CYCD7;1 ( Figure 3E ), therefore, are particularly interesting. CYCD4;1 expression peaks in stage 1 and was previously linked to control of meristemoid divisions through overexpression and loss-of-function studies (Kono et al., 2007) . CYCD6;1 and CYCD7;1 peak at stage 2, but exhibit different overall patterns with CYCD7;1 continuing to be enriched in later stages. Consistent with this, a CYCD7;1 reporter accumulates in GMCs and during the GMC to GC transition ( Figure 3F ). An additional copy of CYCD7;1 under its native promoter does not affect early lineage proliferation, but instead promotes divisions in GCs ( Figure 3G ). CYCD6;1, which is associated with asymmetric stem-cell divisions in the root (Sozzani et al., 2010) , has a profile in the stomatal lineage that parallels the asymmetric amplifying division stage, although the overall expression level is low ( Figure 3E ), and no stomatal lineage defects have been reported for cycd6;1.
Another division control point, the activation of the anaphase promoting complex/cyclosome (APC/C), is regulated by the CDC20 and CCS52 families. The genes encoding these regulators showed stomatal lineage specificity by high expression of a single member, CCS52B, broadly in the stomatal lineage (Figures 3H and 3I) . Interestingly, while CCS52A1 and CCS52A1 function in endoreduplication (Liu et al., 2012; Vanstraelen et al., 2009 ), CCS52B has not been linked to this process. The enriched expression of CCS52B in the stomatal lineage, which does not undergo endoreduplication, suggests that the activity of this paralogue is fundamentally different from the rest of the family.
Evidence for Additional Pluripotency among SPCHExpressing Leaf Epidermal Cells
The transcriptional map of developmental transitions in the stomatal lineage also provides a backdrop for understanding the gene regulatory landscape of specific ''master regulator'' basic helix-loop-helix (bHLH) transcription factors. SPEECHLESS (SPCH), like its mammalian homolog MyoD, initiates a cell lineage, and in this role, might potentially reset cells from one state to another. In the RNA-Seq profiles derived from cells in which SPCH protein is active (stage 1), no dominant biological processes (as defined by enriched GO terms) were identified (Table  S2) . Moreover, these cells stand apart from the later morphologically distinct stomatal lineage cell types, as well as other committed cell types from other organs (Figures 2A and 2B) . SPCH is associated with thousands of binding sites in the genome and hundreds of genes are differentially regulated upon its induction (Lau et al., 2014) . When the stomatal lineage profiles were compared with the targets of SPCH, there was a significant enrichment of SPCH targets among genes expressed in stages 1 and 2 (Lau et al., 2014) . Thus, SPCH has a dominant role in the regulatory hierarchy in these early stages. It is attractive to speculate that some of the expression level variation observed in this early phase reflects the large-scale (SPCHguided) reprogramming of protodermal cells when they enter the stomatal lineage, and part of this programming may be permissive for the cells to later assume multiple fates.
When considering previously characterized stage 1 enriched SPCH target genes, we were surprised at the extent of overlap between regulators of trichome patterning and the early stomatal lineage. For many years, these two cell types were described as being under independent control in leaves ( Figure 4A ) (reviewed in Kalve et al., 2014) , and profiles derived from whole seedlings overproducing stomata or precursors showed no significantly different expression of trichome-related genes relative to WT (Bergmann et al., 2004; Pillitteri et al., 2011) . With our stage-specific profiles, however, we found enrichment of trichome specification genes, such as those encoding the bHLH transcription factors MYC1 and TRANSPARENT TESTA 8 and R3MYB-type transcription factors ENHANCER OF TRIPTYCON AND CAPRICE (ETC) 2 and ETC3, in the early cell stages of stomatal development ( Figure 4B ). We subsequently confirmed stomatal lineage expression of MYC1 and ETC3 reporters ( Figures 4C and 4D) .
Why might trichome regulators be expressed in the stomatal lineage and be direct targets of SPCH ( Figures 4B and 4E) ? Based on the prevailing ideas in the literature, we first considered antagonism between the cell types (i.e., stomata are produced at the cost of trichomes and vice versa). If this were true, then negative regulators of trichome development should be preferentially represented in the stomatal lineage, SPCH could promote stomatal identity via upregulation of the trichome repressors, and mutations that reduce trichome numbers should result in overproduction of stomata. ETC2/3 do indeed repress trichome fate (Wester et al., 2009) , and ETC3 is upregulated in response to SPCH induction ( Figure 4F ). However, MYC1 promotes trichome formation (Zhao et al., 2012) and is also upregulated by SPCH ( Figure 4F ). Loss of MYC1 does result in a significantly higher stomatal index ( Figure 4G ), but there is no change in (C-E) A ranking approach compares stomatal stages 1 and 3 with the ten most highly correlated non-stomatal cell-type specific datasets from (B). Genes were ranked corresponding to their expression within a dataset and the difference in ranking calculated (C). High-priority genes fall in the top and bottom 5% of the graph; from these, common enriched GO terms were used to enrich for genes that contribute to a similar process. Selection of genes prioritized in multiple comparisons in entry (D) and differentiation (E) samples (full gene lists in Table S4 ). stomatal production in etc1;etc2;etc3 mutants ( Figure 4H ) and overexpression of the stomatal repressor TOO MANY MOUTHS reduces trichome numbers (Yan et al. 2014) . Together, these data do not support an antagonism model. Instead, they suggest the stem-cell like precursor stage that generates pavement cells and stomata may actually contribute to all epidermal cell types ( Figure 4A , red arrow). Genes associated with trichome maturation were not enriched in the stomatal lineage (Table S1 ), consistent with a bifurcation in cell fate and gene expression occurring when cells progress past this pluripotent early stage.
DISCUSSION
The sequencing and microarray-based profiles of cells transiting through the stomatal lineage are resources that can be explored and exploited in numerous ways. We identified regulators of stomatal development among the genes showing restricted expression patterns: here with the ENODL family and CYCD7;1 and in a recent complementary study with genes encoding Brassinosteroid signaling pathway components and an asymmetric divisionregulating kinesin (Lau et al., 2014) . For the stomatal signaling community, the extended stage and transcript coverage provided by our RNA-Seq profiles of developing and mature GCs is likely to be of considerable use. The ability to compare related and still-proliferating cell types allowed us to find core cell-cycle genes that were nonetheless tailored to participation in different specific divisions (e.g., CYCD4;1 and CYD7;1). The fact that the early-stage divisions are asymmetric and genes implicated in the regulation of asymmetric divisions (BASL, POLAR, ARK3) are enriched precisely in that stage (Tables S1 and S3) suggests the stomatal lineage expression map will be a good resource for uncovering more regulators of asymmetric and oriented divisions.
To use these data to guide future investigations, it is important to have confidence that the techniques used here-RNA-Seq and microarray-faithfully recapitulate in vivo expression data. Many different organisms and biological questions previously analyzed with microarrays are now shifting to sequencing based expression profiling; in each of these cases, there is discussion about which platform provides the most accurate results (Wang et al., 2009 (Wang et al., , 2014 Zhao et al., 2014) , but as yet, there are no sophisticated methods for cross-platform analyses. There are merits to both approaches, as we have explored in this paper, and we have been able to validate specific expression of reporters derived from both; however, it is clear that we are reading two different types of signals and consequently sampling different transcript populations in the analysis pipeline. RNA-Seq has a greater dynamic range and can detect very low expression levels, and as a consequence of including these rare transcripts, can exhibit more sample to sample variance. Given the wealth of data in both platforms, it will be important to develop better computational tools; parallel datasets such as those provided here are essential for those efforts.
We also pondered the meaning of the expression variance among replicates in the earliest stomatal lineage samples. These populations are extremely interesting from a developmental perspective, but because they are transient and rare, they are difficult to access. We ruled out purely technical explanations for variation among stage 1 samples (RNA integrity and measures of library quality were equivalent to later stages) and lack of enrichment for GO term categories for stress or environmental response suggests that stage 1 cells are not more sensitive to perturbation by sample preparation. Stage 1 includes both MMCs and meristemoids, but this alone is not sufficient to explain the variation because the replicates of ML1Y samples (composed of all epidermal cell types) are highly correlated. One explanation for the variance in the stage 1 samples that encompasses technical and biological issues comes from the fact that FACS is a quantitative detection of florescence signals, thresholded for each experiment. SSY expression peaks just prior to and after the asymmetric cell divisions of MMCs and is also brightest in the youngest leaves ( Figures S1C-S1E ). Small random fluctuations in the brightness of the reporter between batches of plants could lead to some replicates only capturing the youngest, brightest cells ( Figure S1C, right) , and others containing a broader representation of Meristemoids and MMC stages ( Figure S1C, left) . Importantly, despite the potential for gene expression differences between these substages, all of these cells are still part of the stomatal precursor population, and all of our data suggest that the source of variation at these early stages is intrinsic to the biology of these uncommitted cell types. In the future, single-cell sequencing, better markers, or more sophisticated computational approaches may help to dissect the source and meaning of the expression variation. Moving beyond study of the leaf epidermis, the stomatal lineage serves as an important counterpoint to apical meristems of the shoot and root. Because there is low correspondence between gene expression studies derived from single cell types and those from whole seedlings enriched for those same cell types (e.g., between this study and Pillitteri et al., 2011), the single cell-type profiles will enable more sophisticated analysis of gene expression patterns across organs. For example, quantitative methods to assign expression specificity values to individual genes (Birnbaum and Kussell, 2011) can be trained with these additional cell types. As new RNA-Seq based datasets emerge from other tissues, the stomatal lineage data can be immediately incorporated into those comparisons. To facilitate use of these data by the developmental and systems biology communities, these data have been provided as extensively annotated tables (Tables S1 and S3 ) and have been deposited in GEO as GSE58857. A user-friendly graphical representation of expression levels along the developmental progression has been made compatible with the online eFP browser (Winter et al., 2007) .
Monitoring of transcriptional profiles during reprogramming of mammalian cells into induced pluripotent stem cells (iPSCs) revealed initial stochastic gene expression followed by more predictable and hierarchical patterns as cells acquired welldefined fates (Buganim et al., 2012) . The overall pattern is similar among stomatal lineage cell types: stage 1 samples have the most variation among replicates ( Figures S3C and  S3E ), followed by decreasing amounts of variation in stages 2-4. In stage 2 there is a strong enrichment of GO terms related to DNA methylation and chromatin modification, followed by enrichment of modules for differentiation of specific cell types in stages 3 and 4. Such a pattern would be consistent with a pluripotent early state expressing transcripts for many possible outcomes followed by a permanent setting of a more limited program for a single cell type. Although specific genes that specify plant and mammalian stem cells are likely to differ, the underlying regulatory logic may be similar. In light of this, the unique attributes of plant development-new organs and new stem cell lineages initiated postembryonically and continuously-may lend themselves to elucidation of developmental regulatory mechanisms more difficult to address in the hidden stem-cell niches of animals. (Gardner et al., 2009) . New reporters were created by amplifying appropriate genome sequences (PCR amplified from Col) into vectors compatible with the binary R4pGWB destination vector system (Nakagawa et al., 2008; Tanaka et al., 2011) .
FACS and RNA Extraction
Protoplast isolation and FACS from reporter line seedlings were performed as described in (Bargmann and Birnbaum, 2010) for FACS on a FACSAria II (BD Biosciences) fitted with a 100 mm nozzle. Non-GFP/YFP protoplasts from WT seedlings were used to define gate boundaries (Figures S2A and S2B) . Protoplast signals gated for RNA sequencing analysis are shown in Figure S2A . Positive events were sorted directly into 350 ml RNA extraction buffer (RNeasy Micro Kit, QIAGEN) and total RNA of extracted with the RNeasy Micro Kit (QIAGEN) including on column DNase treatment.
RNA Sequencing and Data Analysis cDNA libraries for high-throughput sequencing were prepared from 10 ng of total RNA from each cell sample. cDNA was generated using the PrepX SPIA RNA-Seq Kit, and libraries were generated using the ILM DNA Library Kit (Wafergen) according to the manufacturer's protocol. Fifty-bp single end reads were generated from a HiSeq2000 sequencer (Illumina) in high-output mode. The TruSeq SR Cluster Kit v3-cBot-HS (GD-401-3001) was used for cluster generation and TruSeq SBS Kit v3-HS (50 cycles) (FC-401-3002) for sequencing. All sequencing and data analysis (to fastq files) were done using Illumina's standard protocols and bcl2fastq software. RNA-Seq data files are in GEO (GSE58856). Reads were aligned to the TAIR10.18 genome assembly via Bowtie2 (Langmead and Salzberg, 2012) and counts normalized via DESeq2 (Anders and Huber, 2010) , both using default settings. Analyses are based on the mean expression values of two replicates (except for SSY in which 3 or 1 were used). DE was calculated for all possible pairwise comparisons via DESeq2 (Anders and Huber, 2010) with FDR < 0.05. DE genes were clustered via FANNY (Maechler et al., 2012 ) with k = 6 and a probability cutoff of 0.6.
Microarray Hybridization and Data Analysis
RNA extracted for ATH1-microarray based expression profiling (three replicates per cell type) was reverse transcribed and amplified using the Ovation Pico WTA System (NuGen). cDNA was labeled with the Encore Biotin Module (NuGen) before hybridization to the ATH-121501 microarray (Affymetrix) and processed using standard procedures on a GeneChip Fluidics Station 450 and a GeneChip Scanner. Microarray data files are in GEO (GSE58855). Gene expression was normalized using the R package, affy (Gautier et al., 2004) with following parameters: RMA background correction, quantile normalization across all arrays, no perfect match (PM) probe correction, and the median polish method for summarization (Irizarry et al., 2003) . Computation of log2 scale expression values from probe sets was carried out by the median polish method. Informative and noninformative (I/NI) calls were made via FARMS (Hochreiter et al., 2006; Talloen et al., 2007) . Median expression values (from three replicates) of informative genes were clustered via FANNY (Maechler et al., 2012) with k = 6 and a probability cutoff of 0.6. Cell-type specific comparison datasets (ATH1-based) from (Brady et al., 2007; He et al., 2012; Yadav et al., 2014; were reanalyzed alongside stomatal linage data to make pairwise Spearman correlations. The ten cell types with the highest Spearman correlations to either stage 1 or stage 3 were subsequently used in the ranking analysis.
ACCESSION NUMBERS
The GEO accession number for RNA-Seq and ATH1 data reported in this paper is GSE58857. Nakagawa, T., Nakamura, S., Tanaka, K., Kawamukai, M., Suzuki, T., Nakamura, K., Kimura, T., and Ishiguro, S. Identifying dominant expression patterns Figure 1C , cluster indices R ), as well with a data set in which stage 1 is represented by a single SSY replicate (G, cluster indices R* ). Heat maps showing expression of genes that have been assigned to a cluster (clustering coefficient cut-off 0.6) and expression values have been scaled per gene across samples; low expression is depicted in yellow, high expression in red. The number of genes assigned to a cluster is indicated below the cluster name. Schematic presentation of published expression patterns of genes important during early, middle, and late stages of stomatal lineage development (Abe et al., 1999; Gao et al., 2010; Groll et al., 2002; Hara et al., 2007; Hunt and Gray, 2009; Kanaoka et al., 2008; Kondo et al., 2010; Lai et al., 2005; MacAlister et al., 2007; Nadeau and Sack, 2002; Nakamura et al., 1995; Pillitteri et al., 2011; Shpak et al., 2004; . (B-E) Expression profiles generated from sorted cells with microarray (ATH1) and RNA sequencing (RNASeq) are highly correlated with published in planta data (A). The y-axis represents log2-transformed expression values. Supplemental Tables   Tables are provided as Excel files for . Genes differentially expressed in at least one pairwise comparison were used as input for a fuzzy k-means clustering approach and genes with a clustering coefficient ≥ 0.6 were assigned to a cluster (column B). replicates (columns R-AF). Differentially expressed genes were identified using the I/NI algorithm (column E) and informative genes (I) were used as an input for fuzzy k-means clustering (columns G-L). Genes with a clustering coefficient >= 0.6 were assigned to a cluster (F). (Tab 2) Birnbaum et al. (2003) showed that expression of 356 genes was altered by protoplasting, of which 122 genes (<4%) have been called informative in the ATH1 microarray analysis. Table S4 . Gene expression similarity between sorted Arabidopsis cell types and identification of stomatal priority genes. Refers to Figure 2. (Tab 1 and 2) Spearman rank correlation coefficients (columns D-H) were used as a measurement of overall similarity of gene expression profiles between different Arabidopsis tissues. The 10 highest correlated datasets from (Brady et al., 2007; He et al., 2012; Yadav et al., 2009 ) with the SPCH (column E) and FAMA (column G) samples (highlighted in blue bold) were used for a ranking based comparison. (Tab 3-5) Differentially ranked genes belonging to a common GO terms are listed in tab 3 as SPCH priority genes and in tab 4 as priority genes in other tissues. Common GO terms enriched in the top and bottom 5% of differentially ranked genes between each pairwise comparison are listed in tab 5. (Tab 6-8) Differentially ranked genes belonging to a common GO terms are listed in tab 6 as FAMA priority genes and in tab 7 as priority genes in other tissues. Common GO terms enriched in the top and bottom 5% of differentially ranked genes between each pairwise comparison are listed in tab 8.
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Supplemental Experimental Procedures
Plasmid construction All sequences were amplified from the Arabidopsis DNA of Columbia (Col) ecotype unless otherwise indicated in primer table below. For amplification of promoter sequences, forward primers with attB4 sequence extensions and reverse primers with attB1 sequence extensions were used and PCR products were introduced into the GATEWAY™ pDONR P4-P1R vector (Life Technologies). Alternatively, promoter and gene coding sequences amplified without attB extensions were cloned into the GATEWAY™ vectors 5'pENTR, pENTR, . Absence of PCR induced mutations in constructs was confirmed by DNA sequencing. To generate transcriptional and translational reporter lines the binary R4pGWB destination vector system described in (Nakagawa et al., 2008; Tanaka et al., 2011) Analysis of gene expression in response to SPCH induction Protocols were as described in Lau et al. (2014) with the following modifications as reported in (Davies, 2014) . Col controls and lines homozygous for ML1p::GR-SPCH-1-4A-YFP were sterilized and cold treated for 2 days then germinated in MS + 1% sucrose liquid culture on a rotating table (90 rpm). 7-day old seedlings were treated with 100 µM dexamethasone (DEX) solution. Four replicates were collected at time zero (0hr, not treated) and 12 hours post treatment (12hr). Samples were sequenced on a Illumina HiSeq 2000 (single-read 50-bp run) multiplexed 8 samples/lane. Log2-transformed expression values for the 4 replicates were:
MYC1 wt 0hr: 7.56, 7.84, 7.42, 8.09; 12hr: 7.44, 7.22, 7.32, 7.63, 7.73, 7.70; 12hr: 8.49, 8.67, 8.42, 8.65 ETC3 wt 0hr: 6.01, 5.91, 5.70, 5.56; 12hr: 5.60, 5.58, 5.72, 5.79, 6.01, 6.00; 12hr: 8.08, 7.97, 7.78, 8 .23
Microscopy
Imaging of T2 and T3 reporter lines was performed in cotyledons of 3-day old seedlings and true leaves of 11-day old seedlings grown on ½ MS medium without selection unless otherwise indicated. Confocal laser scanning microscopy was performed on an upright SP5 Leica microscope. Cell walls were stained by 10-30 min incubation in the dark in a fresh solution of 0.01 mg/ml Propidium Iodide (Molecular Probes) and rinsed in water. Image processing was done with ImageJ from the National Institutes of Health using plug-ins from the FIJI bundle (Schindelin et al., 2012) .
Stomatal phenotype analysis
Seedlings grown on ½ strength MS medium without selection were analysed for defects stomatal patterning and index. Plant tissue was prepared as described in Dow et al. (2013) and imaged using differential interference contrast microscopy on a Leica DM2500 microscope at 200x magnification. Pairs of stomata were counted in a leaf area of 650 µm x 490 µm on the abaxial side of cotyledons of 12-day old and the adaxial side of first true leaves of 4-week old seedlings. Stomatal index of a leaf area of 302 µm x 302 µm was calculated as the ratio of stomata to total epidermal cells on the abaxial side of cotyledons and adaxial side of first true leaves of 15-day old seedlings. Experiments were repeated twice with at least 10 independent plants (typically 15-20) for each line and experiment. Non-parametric t-tests were performed with Graph Pad Prism (GraphPad Software, San Diego California USA).
FACS and RNA extraction
Protoplast isolation and fluorescence activated cell sorting (FACS) were performed generally as described in (Bargmann and Birnbaum, 2010) . Aerial tissue from 10-day old seedlings grown on ½ MS medium and 14-day old seedlings grown on ½ MS medium supplemented with 1 % (w/v) sucrose were harvested for RNA sequencing and ATH1 microarray based expression profiling, respectively. 70-90 seedlings were placed into a gently shaking 50 ml tube with 15 ml protoplasting solution for 2 hours. The protoplast solution was filtered through a 40 µm cell strainer (BD Falcon, USA), transferred to 15 ml conical tubes and centrifuged for 5 min at 500 g. Pellets were resuspended in protoplasting solution for FACS.
Protoplast suspensions were cytometrically analyzed and sorted using a FACSAria II cell sorter (BD Biosciences) fitted with a 100 µm nozzle. The cell sorter was set up to measure forward scatter (FSC), side scatter (SSC), YFP and GFP signal at 535/50 nm (pre-filtered through a 505 nm long pass filter) and red-spectrum autofluorescence (RSA) at 605/40 nm (pre-filtered through a 595 nm long pass filter) after excitation by a 488 nm laser. Voltage settings were as follows: FSC 250V, SSC 181V, GFP/YFP 497V and RSA 531V. A forward scatter cutoff of 5,000 was used to exclude small debri from the analysis. Protoplast suspension was diluted to reduce the density to 2500-3500 events/sec at a flow rate of 1-2.
To identify GFP-positive events, a negative control of non-GFP/YFP protoplasts derived from Col wild type seedlings was used to define the gate boundaries ( Figure S2A and B). Fluorescent protoplasts sorted for ATH1 based RNA profiling were identified on their red-to-green fluorescence ratio only, while protoplast signals were gated for RNA sequencing analysis as shown in Figure S2A . For sorting, the FACS precision mode was set to purity and up to 20,000 protoplasts were sorted per sample per replicate ( Figure S2C ). Positive events were sorted directly into 350 ml RNA extraction buffer (RNeasy™ Micro Kit, QIAGEN) in 1.5 ml collection tubes and mixed after completion of the sort. Time to sort per sample was dependent on the frequency of GFP/YFP-positive protoplasts ( Figure  S2B ). Samples ML1Y, E1728G, FGF, and MG were sorted in approximately 1, 15, 25, and 70 minutes respectively; while sorting of SSY took 6-7 hours and new plant material was protoplasted every 2 hours. We generated material sufficient for 3-4 replications of each sample (backups in case of any later technical issues).
Total RNA of sorted protoplasts was extracted with the RNeasy™ Micro Kit (QIAGEN) including on column DNase treatment according to the manufacturer's instructions. RNA was eluted in 14 µl water and RNA quality was observed using a Bioanalyzer Pico chip (Agilent Technologies).
RNA Sequencing
cDNA libraries for high throughput sequencing were prepared from ~10 ng of total RNA from each cell sample. Ribosomal RNAs were depleted using an oligo-dT25 magnetic bead (Life Technologies) and the rRNA depleted RNA samples were checked on Bioanalyzer (Agilent). Using Apollo 324 (WaferGen), cDNA was generated using the PrepX SPIA RNA-Seq Kit and libraries were generated using the ILM DNA Library Kit (Wafergen) according to the manufacturer's protocol. 50bp single end reads were generated from a HiSeq2000 sequencer (Ilummina) in High Output Mode. The TruSeq SR Cluster Kit v3 -cBot -HS (GD-401-3001) was used for cluster generation and TruSeq SBS Kit v3 -HS (50-cycles) (FC-401-3002) for sequencing. All sequencing was done according to Illumina's standard protocols with the final datasets demultiplexed and converted to fastq files using Illumina's bcl2fastq software. Library preparation and RNA sequencing was done at the Vincent J. Coates Genomics Sequencing Laboratory at UC Berkeley. The RNA-Seq data files generated in this study are deposited in GEO under accession number GSE58856.
Microarray hybridization
RNA extracted for ATH1-microarray based expression profiling were reverse-transcribed and amplified using the Ovation Pico WTA System (NuGen) and quality was checked using a Bioanalyzer Nano chip (Agilent Technologies). cDNA was labeled with the Encore Biotin Module (NuGen) and hybridized, washed and stained on an ATH-121501 Arabidopsis full genome microarray using a Hybridization Control Kit, a GeneChip Hybridization, Wash, and Stain Kit, a GeneChip Fluidics Station 450 and a GeneChip Scanner (Affymetrix). cDNA and microarray preparation was done at the Protein and Nucleic Acid (PAN) Biotechnology Facility at Stanford University. Three independent biological replicates were collected for each cell type. All microarray data files are available at GEO under accession number GSE58855.
RNA-Seq data analysis
Reads were aligned to the TAIR10.18 genome assembly via Bowtie2 (Langmead and Salzberg, 2012) and counts normalized via DESeq2 (Anders and Huber, 2010) , both using default settings (see Table S1 , tab 4 for more information on read numbers and alignment rates). Subsequent clustering analyses are based on the mean expression values of two replicates for the samples ML1Y, MG, FGF, and E1738G. For SSY, three replicates were sequenced and median expression values used (Table  S1 , tab 1). However, an alternative differential expression and clustering analysis based on the replicate most related to the other stomatal cell types (as assessed by PCA analysis, SSY_1, Figure  S3D ) is provided in Table S1 , tab 5.
To filter out genes with uniform expression across the stomatal lineage cell types, we conducted all possible pairwise differential expression analyses via DESeq2 (Anders and Huber, 2010) , and required that a gene be differentially expressed in at least one pairwise comparison. The central algorithm of the package fits a negative binomial model to each gene, where data-driven meanvariance relationships more appropriately model count data, allowing for greater detection of differentially expressed genes. Before adjusting p-values for multiple testing, DESeq2 implements by default independent filtering using mean expression values of each gene as a filter. Adjusting via the Benjamini & Hochberg method, differentially expressed genes with FDR < 0.05 were called significant. 198 of these genes (<2%) were among genes known to be induced by protoplasting (Birnbaum et al., 2003) and are noted in Table S1 , tab 3. Prior to clustering, it is necessary to stabilize the variance of genes across the stomatal samples to generate more appropriate groupings. To render the data homoscedastic, the regularized logarithm transformation offered in DESeq2 was applied to the count data.
Microarray data analysis
The processing of probe-level information to normalized measurements of gene expression was largely facilitated by the R package, affy (Gautier et al., 2004) . The following parameters were selected: RMA background correction, quantile normalization across all arrays, no perfect match (PM) probe correction, and the median polish method for summarization, as described by (Irizarry et al., 2003) . Using information only from PM probes, computation of log2 scale expression values from probe sets was carried out by the median polish method. Probe IDs that matched several or no genes were removed before moving onto further analyses.
To further filter noisy probe sets and to enhance the identification of differentially expressed genes, informative and non-informative (I/NI) calls were made via FARMS (Hochreiter et al., 2006; Talloen et al., 2007) . In a given probe set across several different arrays, informative ones are those that show a consistent increase or decrease in signal across the arrays. Lack of variation in probe intensity leads to a non-informative call, as there is no common probe pattern that exceeds the level of noise within a probe set. I/NI calls, therefore, excludes both noisy genes and housekeeping genes that tend to be expressed across all conditions. Implementation of I/NI filtering left 15% of the original dataset, which were input for the clustering analysis to identify dominant expression patterns. 122 of these genes (<4%) were among genes known to be induced by protoplasting (Birnbaum et al., 2003) and are noted in Table S3 , tab 2. Expression values and clustering results are summarized in Table S3 , tab 1.
Fuzzy k-means clustering to identify dominant expression patterns
Fuzzy clustering is an unsupervised method of grouping genes based on similarities in expression patterns across the multiple stomatal lineage cell types without forcing single assignments to each gene. Genes of interest were clustered via FANNY from the R package cluster (Maechler et al.) . A number of k (groupings) were tested until settling upon k=6, where there are enough clusters to capture the largest and most dominant expression patterns. Previous studies have noted an inherent level of noise in the generation of fuzzy clusters, as clusters can be identified even in randomized datasets bearing no biological meaning (Dembélé and Kastner, 2003) . To generate high confidence grouping of genes, we chose to restrict membership to a cluster based on the strength of association. A probability cutoff of 0.6 was chosen to ensure that a single gene belongs to a single cluster with high confidence.
In the RNA-Seq dataset, genes that are differentially expressed in at least one pairwise comparison were chosen as input genes. As noted above, because of the variance between the two SSY samples, we sequenced an additional biological replicate from our sorts. Fuzzy k-means clustering was done with an expression data sets using the median values of three SSY replicates, as well with a data set using the expression values of a single SSY replicate. For microarray data, median expression values of informative genes amongst the three biological replicates were chosen as input into the clustering algorithm. Clustering coefficients for the RNA sequencing and ATH1 datasets can be found in Table S1 and S3, respectively.
Gene ontology (GO) term enrichment
Gene set enrichment analysis was carried out by agriGO (Du et al., 2010) , where significance in enrichment of gene ontology (GO) terms in an input set of genes is relative to background enrichment of the Arabidopsis genome (TAIR10 assembly) as an input. P-values were calculated from hypergeometric distributions, and adjusted via the Benjamini-Hochberg-Yekutieli method. GO terms with FDR < 0.05 were called significantly enriched (Table S2 , tab 1-2).
For a broad yet informative understanding of relevant biological processes to each cluster, utilization of REVIGO (Supek et al., 2011) removed some functional redundancy in a large set of enriched terms. Much like the agglomerative approach in hierarchical clustering, REVIGO groups similar GO terms based on enrichment p-values and ontology relationships, where parent nodes tend to be chosen over children. The more unique a term, the more likely it becomes a representative term. Using SimRel semantic similarity measures, terms are clustered at a specified similarity cutoff of 0.4 (a "tiny" REVIGO set, Table S2 , tab 3).
De novo motif discovery
To discover potential binding motifs particular to each dominant expression pattern, 500bp sequences upstream from the transcription start site (TSS) were used as input sequences for de novo motif discovery via MEME-ChIP (Bailey et al., 2009) . The MEME Suite consists of several analysis tools, where MEME-ChIP itself is composed of MEME, DREME, CentriMo, and TomTom. MEME utilizes position-weight matrices to describe the probability of each possible base at a particular position. A maximum width of 10 letters was specified. DREME, on the other hand, actively searches for short repeated patterns amongst a set of input sequences that are enriched relative to a discriminative set. Given findings from previous ChIP-Seq experiments that direct binding motifs tend to be unimodal and centered around the height of peaks, CentriMo aims to identify such centrally enriched motifs in a given set of sequences. Finally, for every discovered pattern, the motif becomes an input to TomTom, which searches through databases of known motifs. The JASPAR CORE (2014) plant database was chosen as the reference set, and only those that matched a motif identified in Arabidopsis were noted (Table S2 , tab 4).
Correlations with non-stomatal datasets
Only datasets derived from individual cell-types were used (Brady et al., 2007; He et al., 2012; Yadav et al., 2014; because correlations to whole seedling derived data, even when containing similar cells (for example, stomatal lineage enriched mutants described in (Pillitteri et al., 2011)) were generally low (spearman correlation < 0.01). In total, 33 * 5 pairwise comparisons were made between a non-stomatal and stomatal cell type. Additionally, (Brady et al., 2007) made a set of predictions of expression values for a given slice of a root cell type. Pairwise correlations to 132 such datasets were also considered. Table S4 lists relevant datasets and corresponding spearman correlations to each stomatal specific cell type. All of the published datasets were derived from array-based experiments, so only our stomatal lineage ATH1 array data was used in this comparison. To eliminate as many technical artifacts that may skew similarity measurements, each publicly available ATH1 array was reanalyzed using the methods described in microarray analysis, above. Calculation of pairwise spearman correlations and heat map visualization were implemented in R.
Assessing prioritized genes in the stomatal lineage
To identify stage 1 (SPCH) or stage 3 (FAMA) prioritized genes relative to other similarly related cell types in Arabidopsis, ten cell types from the datasets (Brady et al., 2007; He et al., 2012; Yadav et al., 2009 ) with the highest spearman correlations to either stage 1 or stage 3 were chosen for further analysis. Analogous to the ranking methodology in the calculation of spearman correlations, ranks were assigned to each gene based on its expression value within a particular cell type. For a given pairwise comparison, a distribution of rank differences was generated, where the top and bottom 5% of this distribution is composed of high priority genes in a stomatal or non-stomatal cell type respectively. These sets of genes were used as input into gene set enrichment analysis, where commonly enriched GO terms represent similar processes that take place in two different cell types. Genes associated with terms that are found in both input sets represent genes that share a similar biological function, and yet are prioritized in one cell type over another. The number of occurrences was recorded for a given high priority gene that contributes to enrichment of a common GO term. Of a possible 10 counts (from 10 pairwise comparisons to either stage 1 or stage 3), those genes with > 8 occurrences were deemed most likely to be highly prioritized in a given cell type (Table S4) .
